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ABSTRACT 26 
Although niche-based and stochastic processes, including dispersal limitation and  27 
demographic stochasticity, can each contribute to community assembly, it is difficult to 28 
quantify the relative importance of each process in natural vegetation.  Here, we extend 29 
Shipley’s maxent model (Community Assembly by Trait Selection, CATS) for the 30 
prediction of relative abundances to incorporate both trait-based filtering and dispersal 31 
limitation from the larger landscape and develop a statistical decomposition of the 32 
proportions of the total information content of relative abundances in local communities 33 
that are attributable to trait-based filtering, dispersal limitation and demographic 34 
stochasticity.  We apply the method to tree communities in a mature, species-rich, 35 
tropical forest in French Guiana at 1, 0.25 and 0.04 ha scales.  Trait data consisted of 36 
species’ means of 17 functional traits measured over both the entire meta-community and 37 
separately in each of nine 1-ha plots.  Trait means calculated separately for each site 38 
always gave better predictions.  There was clear evidence of trait-based filtering at all 39 
spatial scales. Trait-based filtering was the most important process at the 1-ha scale 40 
(34%), whereas demographic stochasticity was the most important at smaller scales (37 - 41 
53%). Dispersal limitation from the meta-community was less important and 42 
approximately constant across scales (~9%), and there was also an unresolved association 43 
between site-specific traits and meta-community relative abundances.  Our method 44 
allows one to quantify the relative importance of local niche-based and meta-community 45 
processes and demographic stochasticity during community assembly across spatial and 46 
temporal scales. 47 
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INTRODUCTION 51 
Neutral models (Bell 2000, Hubbell 2001) assume equal per capita demographic 52 
properties of all species. They thus presume that community assembly does not include 53 
niche-based processes, but arises via dispersal limitation from the meta-community and 54 
local demographic stochasticity.  Deterministic models of community assembly (Lotka 55 
1925, Volterra 1926, 1931, MacArthur 1972, Tilman 1982, 1988) represent the other 56 
extreme, in which niche-based factors dominate. Between these extremes lies a 57 
continuum of possibilities in which community assembly is influenced to varying degrees 58 
by local niche-based, stochastic, and landscape processes (Gravel et al. 2006). It has long 59 
been recognized (Tansley 1920) that the non-random processes of competition and 60 
abiotic environmental filtering interact with the unpredictable processes of seed arrival 61 
and demographic stochasticity to jointly determine community assembly. One reason 62 
why the debate continues about which process dominates and under what conditions is 63 
that the relative importance of these contrasting processes has rarely (Cottenie 2005, 64 
Paine and Harms 2009) been quantified in a way that allows comparisons among studies 65 
(Condit et al. 2002, Clark and McLachlan 2003, Volkov et al. 2003, Gilbert and 66 
Lechowicz 2004, Harpole and Tilman 2006).  To advance the debate we need a method 67 
of estimating the relative importance of these different processes that is comparable 68 
across locations, environments and spatial/temporal scales (Weiher et al. 2011).  We 69 
develop such a method in this paper by extending the maxent model of trait-based 70 
community assembly presented in Shipley (2010b). 71 
The model involves two spatial scales: the landscape containing a meta-72 
community, whose species define the species pool, and one or more local communities 73 
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within this landscape.  The meta-community is thus composed of local communities that 74 
can potentially exchange propagules (Leibold et al. 2004), and a species is a member of 75 
the species pool if it has a non-zero probability of dispersing from the meta-community 76 
into a local community.  However, a species will still be missing from a local community 77 
if dispersal is a sufficiently rare event such that no immigrants have yet arrived, if the 78 
species is so poorly adapted to the local biotic and abiotic conditions that immigrants 79 
rarely reproduce and quickly die before being observed, or if demographic stochasticity 80 
results in local extinction.   81 
Alternative model assumptions 82 
First assume “local neutral” assembly, in which every species in the species pool 83 
has the same per-capita probabilities of dispersing from the meta-community to the local 84 
community and of surviving, growing and reproducing in the local community once 85 
present (Hubbell 2001).  Given this assumption, species having more individuals in the 86 
meta-community will disperse more immigrants to the local community, even though the 87 
per capita probabilities of immigration are equal across species, and local dynamics 88 
would then proceed without regard to trait values or niche partitioning.  This leads to the 89 
“neutral” prior expectation: that the expected relative abundance of each species in the 90 
local community is equal to its relative abundance in the meta-community. The actual 91 
relative abundance of each species in each local community will be a random walk 92 
around these expected values because of demographic stochasticity.  As the spatial scale 93 
of the local community decreases, so also will the total number of individuals of various 94 
species in this local community.  These smaller population sizes will increase the 95 
stochastic variation around the expected relative abundances of these species, and this 96 
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will reduce the observed correlation between local relative abundance and meta-97 
community relative abundance.  In “local neutral” assembly, since trait values are 98 
unrelated to local fitness differences, they will also be independent of local relative 99 
abundances; therefore the trait values of the average individual in the local community 100 
will be approximately equal to the average trait value in the meta-community. This is a 101 
restricted version of Hubbell’s (2001) neutral assumption because we make no 102 
assumptions about the causes of relative abundance at the landscape level, whereas 103 
Hubbell’s model assumes that neutral processes also determine the meta-community 104 
structure.  In our “local neutral” model, the causes of relative abundance at the landscape 105 
level might be due to unanalyzed historical, phylogenetic or biogeographic factors but 106 
could also be due to niche-based processes.  Thus, although dispersal limitation generates 107 
the similarity between the meta-community and local relative abundances in this “local 108 
neutral” model, it does not necessarily follow that dispersal limitation is independent of 109 
trait differences, only that trait differences among species co-occurring in the local 110 
community do not affect their local relative abundances. In other words, species’ traits 111 
provide no new information beyond that already encoded in the meta-community relative 112 
abundances.  113 
Next, assume “local niche-based” assembly, in which the per capita probabilities 114 
of dispersal, survival, growth and reproduction of a species in a local community are 115 
completely determined by its functional traits in interaction with the local biotic and 116 
abiotic environment.  If this were the case, then the relative abundance of the species in a 117 
local community would be entirely determined by the selective advantage of their traits, 118 
given the local environmental conditions.  This follows because each species in the 119 
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species pool has a non-zero probability of dispersing to the local community and 120 
subsequent population dynamics of the species, once it has arrived, would be determined 121 
by trait-based demographic properties of growth, survival and reproduction.  Once one 122 
knows the trait values of a species then knowledge of its relative abundance in the larger 123 
meta-community would be irrelevant.  This does not preclude demographic stochasticity 124 
from affecting the abundance of species with small population sizes. Those species 125 
having adaptively advantageous traits would have more individuals, and so the trait value 126 
of the average individual in the local community will be biased towards the more locally 127 
well-adapted species.   128 
Finally, assume “hybrid” local assembly:  The abundance of a species in the meta-129 
community affects its probability of arrival (i.e. dispersal limitation) in a local 130 
community because more abundant species in the meta-community will tend to produce 131 
more propagules; therefore meta-community abundances will contain relevant 132 
information.  However, per capita probabilities of immigration will not be equal across 133 
species and these differences will be associated with trait adaptations relevant to 134 
dispersal.  Subsequent local dynamics are also shaped by trait values and local 135 
environmental conditions.  In this case, knowledge of both the meta-community relative 136 
abundance and the trait values of a species would be informative in predicting its relative 137 
abundance in the local community.  Species that are abundant in the meta-community 138 
could have somewhat higher abundances in the local community than their traits would 139 
predict due to mass flow (Shmida and Wilson 1985) or because a competitively superior 140 
species may be absent from the local community due to dispersal limitation.  Species that 141 
are rare in the meta-community could have somewhat lower abundances in the local 142 
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community than their traits would predict, because demographic stochasticity arising 143 
from a very small immigrant pool could force them to local extinction before their 144 
population sizes become large enough that trait selection dominates.  The relative 145 
strength of dispersal limitation, trait-based filtering, and demographic stochasticity will 146 
determine the actual local community structure.  147 
In this paper, we evaluate the relative importance of dispersal limitation, trait-148 
based filtering, and demographic stochasticity in the assembly of species-rich tree 149 
communities of mature tropical rain forests in French Guiana for which extensive 150 
information is available on 17 functional traits. We further examine the extent to which 151 
the relative importance of each process is scale-dependent by conducting our analyses at 152 
three spatial scales.  153 
 154 
METHODS 155 
The data (Baraloto et al. 2010) come from a set of nine 1-ha tropical forest plots 156 
in French Guiana separated, on average, by 117 km (range: 0.5 to 300 km).  Every tree of 157 
at least 10 cm in diameter at breast height was mapped and identified to species in 2007 158 
and 2008.  Because each individual was spatially referenced, we could also determine 159 
species relative abundances in subplots of 0.25 and 0.04 ha within each plot.  These 160 
abundance data (number of individuals) were used to estimate relative abundances of 161 
each species both at the meta-community level (i.e. combining all nine plots) and at each 162 
of the three smaller spatial scales.  Table 1 summarizes these data.  There were 657 163 
species in the meta-community, but only a small proportion of these were present in any 164 
single local community.  Approximately 1500 tree species have been collected in all of 165 
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French Guiana, including central and southern regions that have a more distinctive flora 166 
(Sabatier and Molino, unpublished data), so our sample likely represents at least 50% of 167 
the regional pool.  The percentage of these 657 species that were missing from a single 168 
local community at the three spatial scales was 77% (1 ha), 89% (0.25 ha) and 97% (0.04 169 
ha). 170 
We measured values of 17 traits (Table 2) on almost every individual tree and 171 
calculated the average value per trait for each of the 657 species in the species pool, as 172 
detailed in Baraloto et al (2010).  This was done in two ways.  First, we calculated the 173 
mean values per species averaged over all measured individuals per species over all nine 174 
plots (“meta-community trait means”).  Second, we calculated the mean values per 175 
species averaged over all measured individuals per species in each 1-ha plot (“plot-176 
specific trait means”); when a species was absent from a given plot its meta-community 177 
trait means were used. Although leaf traits were measured on every individual, wood 178 
traits and chemistry were not. We therefore estimated unobserved trait values using 179 
Multiple Imputation with Chained Equations (MICE), as implemented in the mice 180 
package of R (Team 2008). Unobserved values were estimated through predictive mean 181 
matching using all other data as predictors.  Community-weighted trait means, 182 
1
S
jk ik ij
i
t ra t
=
=∑ , were calculated for each of the j traits in each of the k local communities 183 
(i.e. plots or subplots) based on each of the i species in the species pool; raik is the 184 
observed relative abundance of species i in local community k; for plot-level trait means 185 
we used tijk, i.e. trait j of species i in plot k  instead of .  These average trait values were 186 
used as constraints in the maxent model. 187 
tij
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Predicted relative abundances from the maxent model were obtained using the 188 
maxent function of R’s FD library (Laliberté and Shipley 2009).  These predicted relative 189 
abundances are simultaneously maximum entropy estimates and maximum likelihood 190 
estimates; this is explained more fully in the electronic appendix.  Null probabilities for 191 
the statistical tests were obtained using the permutation test of Shipley (2010c) as 192 
implemented by the maxent.test function of the FD library.  Because of the numerically 193 
intensive nature of this test when applied to such a large data set we fixed a significance 194 
level of 0.05 and stopped the permutation runs when the 95% confidence intervals of the 195 
estimated null probability were outside the 0.05 level (Besag and Clifford 1991).  For 196 
ease of comparison, and because the subplots smaller than 1 ha were clearly spatially 197 
dependent, we calculated the null probabilities separately for each of the nine plots even 198 
when the models were fit separately for each subplot, as described in Shipley (2010c). 199 
We used a maximally uninformative (uniform) prior when testing the pure local trait-200 
based model and used a local neutral prior, consisting of the observed relative 201 
abundances at the meta-community level, for the hybrid model.  These priors are 202 
explained below. 203 
Decomposing the information content of a relative abundance distribution to infer the 204 
contribution of traits, dispersal limitation, and other factors. 205 
We estimate the relative importance of stochastic and niche-based processes by 206 
modeling the pure local neutral, pure local trait-based, and the hybrid assumptions of 207 
community assembly using the maximum entropy CATS model (Community Assembly 208 
through Trait Selection) introduced in Shipley et al. (2006) and developed in detail in 209 
Shipley (2010b).  Our approach to partitioning the total information content into 210 
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components implied by these three models is similar to Borcard et al.’s (1992) method of 211 
partitioning the variance in constrained ordinations of abundance data into purely spatial, 212 
purely environmental, jointly spatial and environmental, and undetermined components.  213 
The supplement in Ecological Archives summarizes the model. 214 
The CATS model has three inputs: the trait matrix, the prior distribution and the 215 
community-weighted trait means (trait constraints).  The trait matrix lists the trait values 216 
of each species in the species pool; these values are species’ means estimated over either 217 
the full meta-community or separately in each local community.  The prior distribution is 218 
either the neutral prior (if non-trait based dispersal limitation is assumed to occur) or a 219 
maximally uninformative uniform prior (if non-trait based dispersal limitation is assumed 220 
not to occur).  The trait constraints for a given local community are a vector of observed 221 
community-weighted trait means, which give the trait values of an average individual in 222 
the local community.  The model finds the predicted relative abundances of each species 223 
in the species pool in each local community such that these predictions are consistent 224 
with the community-weighted trait means in the local community while simultaneously 225 
having maximum relative entropy with respect to (thus as close as possible to) the given 226 
prior.   227 
As such, the CATS model contrasts two opposing forces and allows one to 228 
estimate the relative importance of each.  As the importance of local trait-based filtering 229 
increases, the proportion of the information contained in observed relative abundances 230 
that is accounted for by the trait model (“predictive ability”) increases relative to the 231 
predictive ability given only the prior (either a uniform or neutral prior). As the 232 
importance of dispersal limitation from the landscape increases, the predictive ability of 233 
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the model given only the neutral prior increases.  Given a pure niche-based process of 234 
community assembly, the model will have maximal predictive ability (assuming that all 235 
relevant traits are incorporated) whereas the neutral prior alone will have no predictive 236 
ability.  A strictly local neutral process of community assembly results in a model with no 237 
predictive ability beyond that provided solely by the neutral prior; in this scenario the 238 
predictive ability of the neutral prior will decrease as the importance of demographic 239 
stochasticity increases since the latter increases random variation around the expected 240 
neutral relative abundance distribution.  Thus, the predictive ability of the model can be 241 
used to estimate the relative importance of trait-based and stochastic processes occurring 242 
during community assembly, and this predictive ability can be compared to alternative 243 
null distributions that incorporate different assumptions about the importance of dispersal 244 
limitation.   245 
The proportion of the uncertainty in observed relative abundances that is 246 
accounted for by the model is quantified by Cameron and Windmeijer’s (1997) 247 
generalization ( , equation 1), based on the Kullback-Leibler divergence, of the classic 248 
R2 measure of goodness of fit between observed and model predicted values that is 249 
applicable in linear regression models with a normal error structure.  This  250 
generalization has all of the same properties possessed by the classic R2 and so 251 
quantifies the proportion of uncertainty explained by the type of fitted exponential 252 
regression model that is implied by the CATS maximum entropy model.  The supplement 253 
justifies this measure in detail.  The total species pool is S (here 657), the total number of 254 
local communities is C whose value depends on the spatial scale, oij is the observed 255 
relative abundance of species i in local community j, pij is the model prediction of the 256 
2
KLR
2
KLR
2
KLR
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relative abundance given the different assumptions of community assembly, and qi,0=1/S 257 
is the predicted relative abundance given only the maximally uninformative prior. 258 
       Equation 1
 259 
We decompose the total explained uncertainty in the observed relative abundances 260 
into separate components using the estimates of  given four different models, while 261 
correcting for model bias (equations 2 – 5).  The supplement develops and justifies the 262 
equations for this decomposition; only the final equations are presented here.   263 
The data are fit to four versions of the full CATS model. The first model, 264 
estimating only model bias and giving , is fit using a maximally 265 
uninformative (i.e. uniform) prior and permuted trait values.   This removes any 266 
association between traits and relative abundances and excludes any contribution due to 267 
dispersal limitation (because a uniform prior assumes equal contributions of propagules 268 
of all species in the species pool) while maintaining any contribution to due to model 269 
structure.  The second model, estimating only dispersal limitation due to processes 270 
occurring at the landscape level and giving , is fit using a neutral prior 271 
and randomly permuted trait values.  This again removes any association between traits 272 
and relative abundances but includes any contribution due to non-trait related dispersal 273 
limitation. The third model, estimating only trait filtering and giving 274 
, is fit using the maximally uninformative prior and non-permuted trait values.  This 275 
incorporates any association between traits and relative abundances but excludes any 276 
1 12
1 1 ,0
ln
1
ln
C S
ij
ij
j i ij
KL C S
ij
ij
j i i
o
o
p
R
o
o
q
= =
= =
⎛ ⎞⎜ ⎟⎜ ⎟⎝ ⎠
= − ⎛ ⎞⎜ ⎟⎜ ⎟⎝ ⎠
∑∑
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2
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( )2 ,KL nullR uniform)
2
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contribution due to non-trait related dispersal limitation. The final model, estimating both 277 
dispersal limitation and trait filtering, is fit using the neutral prior and non-permuted trait 278 
values and gives . 279 
Equations 2 to 5 decompose the total explained uncertainty into five components: 280 
(i) model bias ( ), (ii) the association due uniquely to trait-based 281 
filtering, (iii) the association due uniquely to meta-community processes (non-trait based 282 
dispersal), (iv) the association due jointly to meta-community processes and local trait-283 
based filtering  and (v) the remaining unexplained variance that can be provisionally 284 
ascribed to demographic stochasticity. 285 
Proportion of biologically relevant uncertainty explained uniquely by local trait 286 
constraints:     Equation 2 287 
Proportion of biologically relevant uncertainty explained uniquely by the neutral prior: 288 
     Equation 3 289 
Proportion of biologically relevant uncertainty explained jointly by both the trait 290 
constraints and the neutral prior: 291 
292 
 Equation 4 293 
Biologically relevant unexplained information: 294 
295 
 Equation 5
 296 
 297 
( )2 ,KLR neutral traits
( )2 ,KL nullR uniform)
( ) ( )
( )
2 2
,
2
,
,
1
KL KL null
KL null
R neutral traits R neutral
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−
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2
,
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RESULTS 298 
Trait-based filtering explained 72% of the information contained in relative 299 
abundances at the 1-ha scale, and this percentage decreased to 49% at the 0.04-ha scale 300 
(Table 3). The hybrid model, which takes both dispersal limitation and functional traits 301 
into account, explained 82% of the information in relative abundances at the 1-ha scale, 302 
decreasing to 55% at the 0.04ha scale. The predictive ability of both the trait-only and the 303 
hybrid models was always greater using plot-specific trait means than meta-community 304 
trait means. Dispersal limitation, as inferred from the neutral prior, explained at least 39% 305 
of the information at all scales, but decreased slightly in importance as the spatial scale 306 
decreased.  307 
Ecological inferences from the models are facilitated by considering only 308 
biologically relevant information on relative abundance. There was an association 309 
between the meta-community relative abundances (the neutral prior) and the site-specific 310 
trait constraints such that, after removing model bias, only 34% of the information at the 311 
1-ha scale was uniquely attributable to niche-based processes. A similar amount of 312 
information (36%) was due jointly to traits and the neutral prior, and the two cannot be 313 
separated (Figure 1).  Also because of the meta-community abundance – local trait 314 
constraint association, the proportion of the information explained uniquely by the neutral 315 
prior was only 10% at the 1-ha scale and remained approximately constant at all spatial 316 
scales. The proportion of the total biologically relevant information that remained 317 
unexplained, and was tentatively ascribed to demographic stochasticity, was only 20% at 318 
the 1-ha scale but increased to 50% at the 0.04-ha scale (Figure 1).   319 
 320 
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DISCUSSION 321 
The method developed here estimates the relative importance of local trait-based 322 
filtering, dispersal limitation and demographic stochasticity to community assembly. The 323 
partitioning of information reflects the contribution of each process in determining the 324 
relative abundance of each species in the species pool within a local community.  The 325 
minimal data requirements are measures of relative abundance in the local community 326 
and trait values of each species in the meta-community species pool. We applied this 327 
method to evaluate the degree to which the relative importance of these processes 328 
changes with spatial scale. Our method would also facilitate evaluating the changes in 329 
relative importance of these processes along environmental gradients. Importantly, the 330 
relationship between these population processes and the resulting statistical model is 331 
explicit, because the underlying model can be mathematically linked to population 332 
dynamics and quantitative selection on traits (Shipley 2010a, chapter 5, 2010b).  333 
Gilbert and Lechowicz (2004) and Cottenie (2005) , based on Borcard et al. 334 
(1992), proposed a related method of decomposing species relative abundances that can 335 
also be linked to niche-based and neutral processes, but which does not use functional 336 
traits.  This method requires information on (i) species abundance across many local 337 
communities (the community matrix C), (ii) explicitly measured environmental variables 338 
in each local community (the environmental matrix E) and (iii) the spatial configuration 339 
of the local communities (the spatial matrix S).    Cottenie’s variance decomposition 340 
consists of a (partial) redundancy analysis of C given either (i) E, (ii) S, (iii) E +S, (iv) E 341 
controlling for S (E|S) or (v) S controlling for E (S|E).  The assumption is that the partial 342 
redundancy analysis of C given the environmental matrix after controlling for the spatial 343 
17 
 
matrix (E|S) reflects niche-based species filtering along the gradient (i.e. β-diversity) 344 
while the partial redundancy analysis of C given the spatial matrix after controlling for 345 
the environmental matrix (S|E) reflects neutral processes or patch dynamics but not 346 
niche-based processes.  The E+S fraction, which is often the largest one, cannot be used 347 
to make conclusive statements about the relative importance of either E or S.  However, 348 
unlike the CATS model upon which our method is based (Shipley 2010b, chapter 5), the 349 
statistical model has not been explicitly linked to these underlying population processes 350 
and so one cannot know to what degree the assumptions are reasonable or robust.  We 351 
could not apply Cottenie’s method to our data because we could not identify clear abiotic 352 
gradients that differentiate our sites and that clearly drive the underlying dynamics.  353 
There are therefore three differences between our method and that proposed by Cottenie:  354 
(i) the type of data required, (ii) the link between the statistical patterns and the 355 
demographic processes and (iii) the emphasis on explaining differences in relative 356 
abundance within a local community (us) versus explaining differences between 357 
communities (Cottenie).   Cottenie’s method and ours should therefore be viewed as 358 
partly complementary.  359 
Our observational method contrasts with experimental approaches, including that 360 
of adding propagules of new species to a local community.  The survival and 361 
reproduction of experimental colonists in a local community can provide evidence of 362 
dispersal limitation, but the method cannot quantify the relative importance of niche-363 
based and neutral processes.  By necessity, most such experimental studies have focused 364 
on taxa where dispersal is easily manipulated, where the organisms complete their life 365 
cycle rapidly, and where community dynamics are very rapid, as shown by the meta-366 
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analysis of Myers and Harms (2009).  Although the link between pattern and process is 367 
more direct using this experimental approach, it is difficult to apply to many natural 368 
systems and cannot provide a quantitative estimate of the relative importance of trait-369 
based filtering and dispersal limitation.  Furthermore, because such experiments are of 370 
relatively short duration, they can miss longer-term processes of trait-based filtering 371 
(Paine and Harms 2009).   372 
In previous applications of the CATS model to a diverse set of herbaceous plant 373 
communities, a strong signal of trait-based community assembly was detected, which 374 
suggested a dominant role for trait-based filtering (Shipley et al. 2006, Sonnier 2009, 375 
Mokany and Roxburgh 2010, Radovski 2010, Sonnier et al. 2010, Merow et al. 2011, 376 
Shipley et al. 2011). None of these studies, however, decomposed the information in 377 
species relative abundances and explicitly estimated the information explained by 378 
dispersal limitation. In the current study, contrastingly, trait-based filtering explained a 379 
maximum of only 34% of the information, and its contribution was less at smaller scales. 380 
The evidence of a predominance of trait-based processes provided by these previous 381 
studies is therefore still tentative, especially because such a sample of communities is 382 
much too small and unrepresentative to draw any general conclusions.  In particular, 383 
community assembly in tropical forests seems to be particularly sensitive to stochastic 384 
processes; indeed, these are the communities that inspired Hubbell’s (2001) neutral 385 
model.  The large number of species in these forests that coexist at small spatial scales, 386 
without large differences in functional traits, and without pronounced environmental 387 
gradients, suggest that niche-based assembly processes will be weak. On the other hand, 388 
there is also empirical evidence of trait-based differences in performance and distribution 389 
19 
 
among tropical tree species (Kraft et al. 2008, Poorter et al. 2008, Kraft and Ackerly 390 
2010) that point to niche-based processes.  What then is the relative importance of trait-391 
based species’ filtering vs. dispersal limitation vs. demographic stochasticity in 392 
structuring these tropical forests? 393 
Our results help to answer this question.  Local community structure in the 394 
studied tropical rain forests is consistent with neither a purely neutral nor a purely niche-395 
based process.  There was clear statistical evidence of trait-based filtering in the local 396 
communities, consistent with the earlier results of Paine et al. (2011) who studied the 397 
same forests.  On the other hand, only 34% of the information in relative abundances was 398 
associated uniquely with trait-based filtering at the 1-ha scale, and this percentage 399 
decreased with decreasing spatial scale.  Dispersal limitation was approximately constant 400 
across spatial scales but was always less important than trait-based filtering based on the 401 
more informative plot-specific trait means.  Because there was redundant information 402 
contained in the neutral prior and the site-level trait constraints, this proportion of the 403 
biologically relevant information cannot be unambiguously ascribed to only local niche-404 
based or to dispersal limitation alone.  However, the fact that the pure dispersal signal 405 
remained essentially constant as the spatial scale of the local community increased, 406 
whereas the pure trait-based signal increased, suggests that the redundant information is 407 
due to species’ traits affecting (or being correlated with) other landscape factors that 408 
affect relative abundances in the meta-community.  It is impossible to identify these 409 
landscape factors given our data, but one possibility is that the relative abundance of the 410 
species in the meta-community partly reflects the relative abundance of the different 411 
environmental conditions in the landscape to which these species are adapted.  This 412 
20 
 
would explain both why there was redundant information between site-specific traits and 413 
meta-community abundances and why the pure dispersal limitation proportion of the 414 
information did not change much at the different spatial scales.  However, it is also 415 
possible that the meta-community relative abundances simply reflect biogeographic 416 
processes of speciation (Hubbell 2001) and that our measured traits partly track this 417 
phylogenetic signal. 418 
The unexplained variation, which we provisionally ascribe to demographic 419 
stochasticity, showed the opposite trend.  At the 1-ha scale, with over 500 trees on 420 
average per local community, this unexplained variation was slightly less than that due 421 
only to dispersal limitation; but at the smallest spatial scale, with only 30 trees on 422 
average, it was three times more important.  This is what one would expect if this 423 
unexplained variation was primarily due to demographic stochasticity: as population sizes 424 
decrease, chance fluctuations in individual birth and death rates would increasingly 425 
dominate population dynamics even if the species mean probabilities of reproduction, 426 
survival and growth were influenced by traits.  This scale-dependence of the relative 427 
importance of neutral and niche processes has already been reported (Karst et al. 2005, 428 
Laliberté et al. 2009).  However, the interpretation of the biologically unexplained 429 
information with demographic stochasticity must be made with care because if there are 430 
important unmeasured traits that were not strongly correlated with our measured traits 431 
then this would also contribute to the biologically unexplained information.  Increasing 432 
the number of traits in the model will not artificially inflate the explained information 433 
because this source of bias is corrected using .  Sonnier et al. (2011) 434 
describe how to select a parsimonious set of traits using the CATS model.  Similarly, the 435 
( )2 ,KL nullR uniform)
21 
 
importance of demographic stochasticity will be inflated if the values used in the neutral 436 
prior are poor estimates of the relative abundances of potential immigrants in the meta-437 
community.  Our estimate should therefore be considered as an upper bound on the 438 
importance of demographic stochasticity. 439 
There are at least three sources of error that should be considered in our analysis.  440 
First, there might be strong but unknown environmental gradients that would result in 441 
different selection pressures on the traits within the same local community and that 442 
largely cancel out when averaged over the spatial scale of the entire local community.  443 
We have not found any such environmental gradients within the local communities and 444 
doubt that such strong gradients exist.  Since the length of environmental gradients is 445 
often related to the spatial scale over which the environment is sampled (Bell and 446 
Lechowicz 1994) then a local community defined at a larger spatial scale would be more 447 
likely to contain a larger environmental gradient within it.  If so then one would expect an 448 
increase in the strength of trait-based filtering at smaller spatial scales since any 449 
environmental gradients at such small scales would be less pronounced; this expectation 450 
is contrary to our results.   451 
Second, we might have included many species in our species pool that have no 452 
possibility (as opposed to simply a low probability) of reaching our local communities.  If 453 
the true species pool is greatly overestimated then this necessarily leads to prediction 454 
errors in the maxent model (Sonnier et al. 2010).  However, all but 30 species in our pool 455 
occur across the general region, all are likely capable of growing in all plots in the 456 
absence of competition, and there are no obvious non-biological barriers that would make 457 
it impossible for any species to immigrate to each of the local communities.  Properly 458 
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identifying all those species that could reasonably disperse into, and survive, the abiotic 459 
conditions of the local communities (i.e. the species pool) is a difficult and unsolved 460 
problem.  This is a weakness of the CATS model as currently implemented.  461 
Finally, there might be strong trait-based filtering on traits not measured by us and 462 
that are largely independent of those that we did measure.  The 17 measured functional 463 
traits expand on a well-accepted leaf economics spectrum (Wright et al. 2004) to define 464 
tropical tree tissue strategies ((Baraloto et al. 2010).  Note that some of the previously 465 
cited studies using the CATS model detected much stronger associations between traits 466 
and relative abundance with as few as 4 or 5.  It is possible (even likely) that our analysis 467 
somewhat underestimates the degree of trait-based filtering; for instance, we do not have 468 
traits related to herbivore or pathogen defense or below-ground traits, and these might be 469 
uncorrelated with our measured traits.   470 
Despite the limitations discussed here, our method provides estimates of the 471 
relative importance of traits, dispersal limitation and demographic stochasticity to the 472 
assembly of the tree communities in these species-rich forests.  Our method should allow 473 
researchers to quantitatively compare across studies, locations, landscape features and 474 
spatial/temporal scales.  In this way we can move beyond the neutral/niche debate to 475 
study how such properties combine to determine the relative importance of niche-based 476 
and neutral processes during community assembly in different environmental, spatial and 477 
temporal contexts. 478 
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Table 1.   Summary of the data used to fit the various models listing the number of 620 
separate local communities fit by the models at each spatial scale as well as the median 621 
(minimum - maximum) total number of individuals and trees species per community.  622 
 623 
Level Number of local 
communities 
Median number of 
individuals 
Median number of 
species  
Meta-community 1 4557 657 
1-ha 9 507 (406 - 632) 150 (145 - 202) 
0.25 ha 36  123 (64 - 160) 69 (42 - 94) 
0.04 ha 224 29 (5 - 32) 17 (4 - 28) 
 624 
625 
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Table 2.  Functional traits measured on each of 657 species, along with the units, number 626 
of individuals measured for traits, and the median and range of observed species-mean 627 
trait values. 628 
 629 
Functional trait unit N Median Range in dataset 
Foliar δ13C composition ‰ 2946 -32.070 -36.44 – -25.67 
Foliar C:N ratio g g-1 2947 24.01 7.79 – 59.77 
Foliar K concentration % 933 0.05 0.114 – 2.235 
Foliar N concentration % 2948 02.0 0.762 – 6.190 
Foliar P concentration % 933 0.1 0.024 – 0.251 
Laminar chlorophyll content µg mm-2 4611 70.5 10.3 – 255.1 
Laminar total surface area cm2 4587 72.1 2.032 – 643700 
Laminar toughness N 4590 1.650 0.22 – 13.06 
Leaf tissue density g cm-3 4540 0.042 0.008 – 0.287 
Leaflet surface area cm2 4587 52.23 0.018 – 3218 
NH4+ utilization % 4587 47 1 – 100 
Specific Leaf Area (SLA) cm2 g-1 4577 10.68 1.77 – 47.41 
Trunk bark thickness mm 3805 4 0.0 – 53.0 
Trunk xylem density g cm-3 2844 0.65 0.23 – 0.98 
Trunk xylem moisture content % 2256 61.4 17 – 287 
Twig bark thickness mm 2369 1.95 0.07 – 7.31 
Twig xylem density g cm-3 2390 0.616 0.19 – 0.96 
32 
 
Table 3.  Estimated proportions ( ) of the total information in the local observed 630 
relative abundances in 657 tree species in 9 local sites in French Guiana that is accounted 631 
for by various maxent models.  Shown are the results when the mean trait value of each 632 
species is calculated over all 9 sites (meta-community trait means) and when the mean is 633 
calculated separately for each site (site-level trait means).  Values in parentheses give the 634 
number of sites out of 9 for which the trait constraints significantly improved the model 635 
over the prior alone.  636 
 1-ha scale 0.25-ha scale 0.04-ha scale 
Site-level trait means 
 
Model bias 
0.066 0.081 0.162 
 
Pure neutral 
0.497 0.410 0.385 
 
Pure trait selection 
0.721 (9/9) 0.580 (9/9) 0.487 (9/9) 
 
Hybrid model 
0.815 (9/9) 0.658 (9/9) 0.554 (9/9) 
Meta-community trait means 
 
Model bias 
0.056 0.073 0.151 
 
0.501 0.406 0.387 
2
KLR
RKL
2 value
( )2 ,KL nullR uniform)
( )2 ,KL nullR neutral)
( )2 ,KLR uniform traits
( )2 ,KLR neutral traits
( )2 ,KL nullR uniform)
( )2 ,KL nullR neutral)
33 
 
Pure neutral 
 
Pure trait selection 
0.146 (4/9) 0.134 (4/9) 0.179 (3/9) 
 
Hybrid model 
0.596 (7/9) 0.485 (7/9) 0.429 (6/9) 
 637 
  638 
( )2 ,KLR uniform traits
( )2 ,KLR neutral traits
34 
 
Figure captions 639 
Figure 1. Estimated proportions of the biologically relevant information in the local 640 
observed relative abundances in 657 tree species in 9 local sites in French Guiana that is 641 
accounted for by various maxent models. The information is explained by local trait-642 
based filtering, dispersal limitation from the meta-community, unexplained information 643 
attributed to demographic stochasticity and joint trait – dispersal effects.  These are 644 
plotted at three spatial scales and based on species’ trait means calculated separately for 645 
each local community (“plot-specific trait means”) and trait means over the entire meta-646 
community. 647 
 648 
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